The present paper discusses the ability of a developed optimization technique to obtain parameters that can be used in the simulation of a finite element model of 3D portal frame structure where a set of parameters that gives acceptable response of the structure is needed. In order to find the values of these parameters, an optimization technique based on a modified genetic algorithm (GA) was developed and linked to a finite element package. In the formulation of the optimization problem, the objective function is the differences between the computed structural response and that measured experimentally where the design variables describe the rotational stiffnesses of various connections of the bare frame, the steel sheet cladding thickness, the orthotropic properties of the cladding and the stiffness of the fasteners.
Introduction
Finite element analysis is an appropriate method for understanding the response of structures comprised of a large number of elements. Computer modelling of clad structures includes parameters representing the connections, cross sectional and material properties of the members forming the structure (i.e. bare frames, bracing system, purlins, girts, sheeting, cleats, fasteners). These parameters need to be identified. The method of identifying the model parameters is called model validation. A steel structure with profiled steel cladding was modelled using a full three-dimensional finite element analysis.
In order to deal with such case study, the features of structural problem are addressed: 1) some or all parameters can be defined as a set of discrete parameters, 2) the structure response (i.e. stresses, deformations) are implicit functions of those parameters, 3) these functions can only be estimated with a finite accuracy by means of finite element analysis. Therefore, various optimisation algorithms has been linked to the structural analysis software since early 1960s with varied degree of success. A study of this experience allows formulating the following requirements to a structural optimization technique. Firstly, the technique should be able to deal with realistic structural problem. Secondly, it has to require a minimum amount of auxiliary information to guide the search. Lastly, it shall attempt to reach the global optimum.
In the present study, a genetic algorithm (GA) has been selected as a basis for the development of an efficient structural optimization algorithm because it satisfies the aforementioned requirements. Various aspects of genetic algorithms are discussed in details by many authors among them Goldberg (1989) , Davis (1991) , Xie et al. (1997) and Mitchell (1998) .
A typical GA is a relatively slow technique as compared to the derivative-based ones. Therefore, modification to the basic procedure is needed in order to improve its rate of convergence The modified genetic algorithm was utilized to obtain proper values for the unknown parameters to give good agreement between the displacements at different locations computed when using the finite element mathematical model and these measured during the structural tests.
Genetic Algorithm
A standard genetic algorithm (GA) was introduced by John Holland (1975) and is inspired by the observation of how adaptation takes place in evolving natural systems. Holland proposed searching a general space using reproduction plans which would selectively manipulate and reproduce a collection population of candidates solutions called individuals to generate new individuals on the most promising areas of the search space. In the simplest form of the GA, candidate solutions to some problem are encoded in binary strings which play the role of artificial chromosomes, while individual bits play the role of genes. Each individual therefore comprises a candidate solution to a specific problem and has a corresponding fitness.
A basic genetic algorithm consists of three main operators, namely, selection, crossover and mutation. In the selection operator, chromosomes in the population for reproduction are randomly selected. The fitter the chromosomes, the more times it is likely to be selected to reproduce. The reproduction operator may be implemented in a number of ways, the most popular being used is a biased roulette wheel with slots of different width representing the proportion of the fitness of an individual string or, in other words, quality of a solution. The crossover operator randomly chooses a locus and exchanges the subsequences before and after that locus between two chromosomes to create two offspring. The crossover operator can be applied using different techniques, the most common ones are single-point crossover, twopoint crossover and multi-point crossover. Lastly, in order to introduce new genetic patterns in the child strings, the mutation operator, which flips some of the bits in a randomly selected chromosomes takes place with a low probability thus preventing the search from premature convergence to a non-optimal solution and improving non-local properties of the search.
Generally, GA is judged to be successful if it evolves a population of highly fit individuals as a result of iterating this procedure through successive generations. More details regarding the various aspects of GA are discussed by many authors among them Goldberg (1989) , Davis (1991) , Holland (1992) , Xie et al. (1997) and Singiresu (2009) .
In the present paper, a strategy developed to transfere the best members of a current population to the next population. Then, a common pattern of the elite part has been established and imposed on all the remaining strings except for the elite. The remaining parts of strings in the rest of the population are filled by coping the rest of strings (not prescribed by the imposed pattern) from the strings in the previous population. After filling all the missing parts of the strings and fitness evaluation for newly obtained strings, the population is Paper: ASAT-14-180-ST 3 subjected to either uniform crossover or shuffle crossover presented by Eshelman et al. (1989) , Syswerda (1989) and Mitchell (1998) . The mutation stage is implemented using the following technique.
Step 1. Calculate the total number of bits (Nm) corresponding to the mutation percentage.
Step 2. Select randomly a bit in a chromosome.
Step 3. Change the bit to 0, if it is 1. Otherwise, keep the bit as it is.
Step 4. Repeat steps 2 and 3 till the total number of bits (N m ) is reached
The question of how to get an equal probability of selection for all discrete values existing in each design space of each design variable is answered when using the following technique.
Step 1. Create randomly the individuals in the binary form where a n-bit string length is used for each design variable.
Step 2. Calculate the integer number corresponds to the binary form for each design variable separately. This number should be less than or equal to 2 n .
Step 3. If the integer number is less than or equal to the number of discrete values existing in the design space (x d ), then select the value of the design variable corresponding to that number.
Step 4. If the integer number is greater than x d , then select another number out of x d with an equal probability of selection of all numbers (from 1-x d ). This results in changing the chromosomes of the corresponding design variable,
Step 5. Convert the selected integer number in step 4 to the binary form using the 2 n -bit string length.
Step 6. Replace the binary strings selected in step 1 by those obtained in step 5.
Test Problem: Ten-Bar Truss
The testing of the developed technique has been carried out on a standard problem, see Rajeev and Krishnamoorthy (1992) , of a ten-bar truss shown in Fig. 1 . Here the number of available values for each design variable is 42. However, for optimization process to take place via the GA, this number has to be accommodated in a 6-bit string length, which results in 22 vacant positions. This results in overall string length of 60.The optimization problem can therefore be formulated as: The results obtained are compared with the solutions given by Rajeev and Krishnamorthy (1992) . This comparison is introduced in Table 1a . Table 1b represents the values of the nodal displacement at the best solution. The convergence history is graphically depicted in Fig.2 . 
The Steel Clad Structure
The steel portal framed clad structure (see, Warrior (1990) shown in Fig. 3 is investigated. The structure consists of two portal frames having 5.334 meters apart. The portal frame has a span of 13.716 meters. The sectional properties of the sheeting rail, eaves beam, purlin and corrugated sheets are also shown in Fig.3 . The cladding sheets are 1 m wide, with ridges at 250 mm centres and 0.6 mm thick. The drilling screws of 4.2 mm diameter are used to secure cladding panels to purlins and sheeting rails. The structure was investigated for five cases of base movements. Case 1, 2 and 3 are a 50 mm vertical movement, a 100 mm non-symmetrical compressive movement and a 100 mm non-symmetrical tensile movement respectively, all applied to the front left-hand base. Case 4 and 5 are the 100 mm symmetrical compressive and tensile movements respectively and these are imposed on both front bases of the structure.
The finite element modelling, using ANSYS 5.4, of the steel clad structure is performed as follows: 1) The bases are defined as pinned with different linear rotational stiffness in three dimensions.
2) The relative horizontal displacement between the end plates of the apex connection are modelled by providing a horizontal longitudinal spring between the end plates of the apex connection.
3) The stanchion and rafter were modelled using a symmetrical crosssection beam element, BEAM4 element type, 4) The BEAM44 element was used to model sheeting rail, purlin, eaves beam and haunch section. 5) The uniaxial tension-compression element type, LINK8, was defined for the cross bracing. 6) The base, sheeting rail, eaves beam, purlin and apex connections were simulated as pins with linear rotational stiffness using the COMBIN14 element. 7) The cladding panel sheets were modelled using the available rectangular shell element named SHELL63. 8) The fasteners and the rivets are included in the mathematical clad model using COMBIN14 element in order to simulate fasteners and rivets as springs having longitudinal stiffness in three directions. In the Definition of the Optimization Problem, five objective functions are considered individually and collectively. The general form of the optimization problems can be formulated as follows:
and , ). The rest of the parameters take values presented by . Upper and lower limits are specified to define the range of variation for the design variables. These limits are given in Table 2 . The string length corresponding to each design variable is given in Table 2 . The overall string length is 202.
Here, the optimization technique is linked to the finite element package ANSYS in order to compute the displacements at different nodes. The optimization search was carried out for each of the objective function component individually and the results obtained for the optimization variables for each base movement are presented in Table 3 . The optimization process was also carried out including all five imposed base movements together (i.e. the objective function as defined by equation (2)) to determine one general set of values to be used in the model and gave reasonable agreement for all base movements. The results of what was named to be the overall model are also given in Table 3. A comparison between the actual displacements and the displacements, computed from the case at which all the base movements acting together, is illustrated Fig. 4 indicating a very good agreement with those published Warrior (1990) . It can be observed that the difference between the obtained values of the two longitudinal springs representing the in-plane stiffness in x and y directions of a fastener is very small. This agrees with Davies and Bryan (1982) who suggested modeling a fastener as a pair of springs having equal stiffness in two orthogonal directions but with no rotational stiffness. The differences between the values of the longitudinal stiffnesses for the roof and wall blind rivets are very small. This agrees with the parametric study presented by .
Conclusions
Based on the present study, it can be concluded that:
1-The suggested modification to genetic algorithm to helps to find better solution for the tested problem. 2-The proposed optimization technique can be used to deal with a case study where the number of values in a domain of any design variable does not fit into a string. 3-Application to model validation of comprehensive model of a profiled clad portal frame structure is presented to demonstrate the potential application of the modified GA approach to complicated optimization problems in the field where there is no requirement not only for feasible initial solution but also for sensitivity analysis. 
